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Abstract

In many real-world control tasks, agents operate under partial observability, where access
to complete state information is limited or corrupted by noise. This poses significant
challenges for reinforcement learning algorithms, as methods relying on full states or long
observation histories can be computationally expensive and less robust. Four-Phase Rapid
Motor Adaptation (FRMA) is a reinforcement learning framework designed to address
these challenges in high-frequency control tasks under partial observability. FRMA pro-
ceeds through four sequential stages: (i) full-state pretraining to establish a strong initial
policy, (ii) auxiliary hidden-state prediction for LSTM memory initialization, (iii) aligned
latent representation learning to bridge partial observations with full-state dynamics, and
(iv) latent-state policy fine-tuning for robust deployment. Notably, FRMA leverages full-
state information (st) only during training to supervise latent representation learning,
while at deployment it requires only short sequences of recent observations and actions.
This allows agents to infer compact and informative latent states, achieving performance
comparable to policies with full-state access. Extensive experiments on continuous con-
trol benchmarks show that FRMA attains near-optimal performance even with minimal
observation–action histories, reducing reliance on long-term memory and computational
resources. Moreover, FRMA demonstrates strong robustness to observation noise, main-
taining high control accuracy under substantial sensory corruption. These results indicate
that FRMA provides an effective and generalizable solution for partially observable con-
trol tasks, enabling efficient and reliable agent operation when full state information is
unavailable or noisy.

Keywords: reinforcement learning; rapid motor adaptation; POMDP

1. Introduction
Reinforcement learning (RL) is a computational framework in which agents learn

to make decisions by interacting with an environment and receiving feedback in the
form of rewards [1,2]. Unlike supervised learning, RL does not require labeled datasets;
instead, agents discover optimal behavior through direct exploration. This makes RL highly
suitable for sequential decision-making problems where explicit models are unavailable
or inaccurate.

Over the past decade, RL has achieved significant milestones in domains such as game
playing [3], robotic control [4,5], and continuous control environments like MuJoCo [6,7].
These successes are largely attributed to the ability of RL algorithms to learn policies in
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high-dimensional, nonlinear environments directly from experience. However, many real-
world or physics-based simulated environments are only partially observable—the agent
does not have direct access to the full system state and must instead infer latent dynamics
from limited observations, which may be noisy or partially missing.

Such settings are commonly modeled as Partially Observable Markov Decision Pro-
cesses (POMDPs) [8,9], which introduce additional complexity to the learning problem. In
POMDPs, the agent does not have direct access to the full environment state; instead, it
must infer latent states from partial observations. To make informed decisions, agents typi-
cally maintain a memory of past observations and actions, which is especially important in
environments with long-term dependencies or delayed rewards.

To address partial observability, the Rapid Motor Adaptation (RMA) framework [10]
has been proposed. RMA operates in two stages: first, it learns a base policy with full-state
access π(at | st); second, it trains an encoder to approximate a latent state representation zt

from sequences of past observations and actions (ot−T:t, at−T:t). This allows the policy to
be deployed under partial observability as π(at | zt), leveraging historical information to
infer hidden states.

While RMA has demonstrated strong performance in low-frequency robotic loco-
motion tasks, its reliance on fixed-length input windows and infrequent inference steps
limits its applicability in high-speed control tasks or environments with rapidly changing
latent dynamics.

To overcome these challenges, this paper proposes a general framework called Four-
Phase Rapid Motor Adaptation (FRMA). FRMA extends the RMA design with a four-phase
training pipeline, enabling high-frequency decision-making under partial observability.
The four phases are designed to progressively transfer knowledge from full-state infor-
mation to compact latent representations that can be used for robust control with only
partial observations:

• Full-State Pretraining: A base policy is first trained using full access to the ground-
truth system state. This policy captures essential control behaviors without concern
for observability constraints, providing a strong performance ceiling and serving as a
foundation for subsequent learning stages.

• Auxiliary Hidden-State Prediction: An auxiliary network is trained to predict the
initial hidden and cell states (h0, c0) of the recurrent encoder (LSTM) from recent obser-
vation–action sequences. These predicted states initialize the LSTM memory, enabling
immediate inference of latent dynamics, even in partially observable conditions.

• Aligned Latent Representation Learning: A recurrent encoder is trained to map
sequences of partial observations and actions to latent states zt that are aligned with
those learned during full-state training. This phase bridges the gap between limited
observations and the underlying full latent states, ensuring that the encoder produces
informative representations for policy execution.

• Latent-State Policy Fine-Tuning: Finally, the policy is fine-tuned using only the
estimated latent encoding zt, allowing it to operate under realistic partially observable
conditions. This phase ensures that the agent can perform fast, reliable control without
requiring full-state information at deployment.

FRMA introduces several core innovations that make it particularly suitable for high-
frequency, partially observable control tasks:

• High-Frequency, Single-Step Adaptation: During training, FRMA leverages multi-
step sequence regression to learn latent-state inference. At deployment, it switches to
single-step LSTM updates, continuously updating the hidden and cell states (ht, ct) at
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each timestep. This allows the latent encoding zt to be refreshed at high frequency,
enabling rapid and precise control.

• Extended Temporal Coverage: By propagating the LSTM’s hidden and cell states
across timesteps, FRMA avoids fixed-horizon limitations (e.g., 50-step windows). It
effectively captures long-term temporal dependencies without the computational
burden of long input sequences, reducing GPU memory usage and accelerating both
training and inference.

• Policy-Invariant Latent Representation: Observation–action histories contain both
environmental dynamics and policy-dependent information. FRMA uses supervised
learning to ensure that the LSTM hidden and cell states (ht, ct) primarily encode
environment dynamics, effectively minimizing the influence of the sampling policy
π. This design enhances generalization and robustness when the policy changes or
under different deployment conditions.

The remainder of this paper is organized as follows. Section 2 reviews related work
on recurrent neural networks, reinforcement learning, and the RMA framework, providing
the technical background for FRMA. Section 3 presents the FRMA framework in detail,
describing each of the four sequential stages. Section 4 details the experimental setup and
results, demonstrating FRMA’s performance on continuous control tasks in the MuJoCo
environment. Finally, Section 5 concludes the paper and discusses potential avenues for
extending the FRMA framework.

2. Related Work
2.1. Artificial Neural Networks

Artificial neural networks (ANNs) have achieved remarkable success across a wide
range of machine learning tasks [11,12]. Feedforward neural networks (FNNs), such as
multilayer perceptrons, can approximate arbitrary functions given sufficient data and
model capacity, and are commonly applied to static input–output mappings [13]. However,
in dynamic environments where temporal dependencies are critical, FNNs are limited by
their inability to retain historical context. Recurrent neural networks (RNNs) and their
variants, such as long short-term memory (LSTM) networks [14–16], address this limitation
by incorporating memory through recurrent connections. This allows information to persist
over time, enabling the modeling of temporal dependencies essential for tasks such as
speech recognition, language modeling, and time-series prediction [17,18]. Despite these
advances, traditional neural networks—including LSTM-based architectures—are typically
trained in a supervised learning setting, where each input x is paired with a target output y.
While effective when labeled data is abundant and the input–output mapping is relatively
static, supervised learning alone struggles in complex, high-dimensional control tasks.
In particular, continuous control environments with partial observability and delayed
rewards—common in robotics and embodied AI—require sequential decision-making over
time, which exceeds the capabilities of standard supervised approaches.

2.2. Classical Control Methods

Classical control methods have been widely applied to complex systems, including
Active Disturbance Rejection Control (ADRC) [19], multilayer neurocontrol for high-order
uncertain nonlinear systems [20], Robust Integral of the Sign of the Error (RISE) [21],
observer-based RISE controllers [22], adaptive ADRC with recursive parameter estima-
tion [23], and Auxiliary RISE (ARISE) controllers for nonsmooth switched systems [24].
These methods have demonstrated strong robustness and effective disturbance rejection
across various engineered systems. However, classical controllers typically require accurate
system modeling, and their performance may deteriorate in high-dimensional, partially
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observable, or stochastic environments. In contrast, neural network-based reinforcement
learning approaches can learn control policies directly from data, enabling adaptive be-
havior in complex scenarios and offering greater flexibility and potential performance in
modern control tasks.

2.3. Reinforcement Learning

Classical reinforcement learning (RL) methods can be broadly categorized into three
types: tabular methods, value-based methods, and policy gradient methods. Tabular
approaches, such as Q-learning and SARSA [25], maintain a lookup table estimating action
values for each discrete state–action pair. While effective in low-dimensional environments,
tabular methods become infeasible in continuous or high-dimensional spaces due to the
curse of dimensionality. Value-based methods address this limitation by approximating the
value function with neural networks, enabling generalization across large or continuous
state spaces. Deep Q-Networks (DQN) [26] achieved notable success in discrete-action
tasks, such as Atari games, but exhibit instability and overestimation bias in continuous
domains. Policy gradient methods directly optimize parameterized policies, supporting
stochastic and continuous actions. Representative examples include REINFORCE [27],
Proximal Policy Optimization (PPO) [28], and Soft Actor-Critic (SAC) [29], which combines
policy gradients with entropy regularization and an actor–critic architecture. Despite their
success, these algorithms typically assume full observability of the environment state st.
In practice, many control tasks provide only partial observations ot, causing performance
degradation when the agent cannot access complete state information. This motivates
the integration of architectures capable of temporal memory and latent state inference,
such as recurrent networks or encoder–decoder models, to handle partially observable
environments effectively.

2.4. Observation–Action Sequence-Based Reinforcement Learning

Many reinforcement learning methods for partially observable environments rely on
short histories of observations and actions to infer latent states. Rapid Motor Adaptation
(RMA) and its variants are representative examples of such observation–action (oa) sequence-
based RL approaches. The original RMA framework first trains a base policy using full-state
trajectories and then employs a supervised adaptation module to infer a latent context zt

from recent observation–action sequences (ot−T:t, at−T:t). However, RMA is constrained by
a fixed input window (typically 50 steps) and a low adaptation frequency on the order of
10 Hz [10]. Extensions of RMA address specific limitations. A-RMA explicitly fine-tunes
the base policy with an imperfect extrinsic estimator to improve performance in biped loco-
motion, but it retains the same adaptation module and fixed-horizon inference [30]. RMA2

targets manipulation tasks by combining depth perception and symbolic embeddings to
estimate latent object parameters, yet it still operates over a fixed-length OA segment
and lacks high-frequency adaptation [31]. Other sequence-based RL approaches include
Deep Recurrent Q-Networks (DRQN) and Action-Conditional DRQN (ADRQN), which
incorporate recurrent layers over observations or observation–action streams to implicitly
encode belief states, trained end-to-end via Q-learning [32,33]. Recurrent Predictive State
Policy (RPSP) networks similarly learn a predictive latent belief state using supervised
prediction alongside policy gradients [34]. While these methods demonstrate the utility
of sequence-based encoding, they generally train the encoder jointly with the policy and
maintain memory only over a truncated horizon, which can limit adaptation speed and
efficiency. Overall, these OA sequence-based RL methods highlight the importance of
latent-state inference from recent history, but they also reveal limitations in adaptation
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frequency, memory length, and policy–encoder decoupling—challenges that FRMA aims
to overcome.

3. FRMA Details
This section introduces the FRMA framework in detail, including its four-phase

training strategy and the inference procedure used during deployment. Table 1 summarizes
all key variables and network components, and Figure 1 illustrates the sequential workflow.
Detailed proofs are provided in Appendices C and D, and comprehensive pseudocode for
both training and deployment is included in Appendix A.

Table 1. Symbol definitions and network components in FRMA.

Symbol Description

ot Observation at time step t
st State at time step t
at Action at time step t
ot−T:t Observation sequence from time t− T to t: ot−T:t = [ot−T , . . . , ot]
at−T:t Action sequence from time t− T to t: at−T:t = [at−T , . . . , at]
zt Latent state encoding: zt = es(st)
ht, ct LSTM hidden and cell states at time t
π1, π2 Primary and secondary policy networks: zt 7→ at
es State encoder: st 7→ zt ∈ Rk

eo LSTM-based encoder: (ot−T:t, at−T:t, ht−T , ct−T) 7→ (ht, ct)
h Hidden network: st 7→ (ht, ct) ∈ Rd ×Rd

f Mapping network: (ht, ct) 7→ zt ∈ Rk

T Length of observation–action history used by LSTM
d LSTM hidden size
k Dimension of latent state encoding

𝑒𝑜

𝑃ℎ𝑎𝑠𝑒 Ι 𝑃ℎ𝑎𝑠𝑒 ΙI

𝑃ℎ𝑎𝑠𝑒 ΙII 𝑃ℎ𝑎𝑠𝑒 ΙV

𝑒𝑜

𝑜𝑡−𝑇:𝑡, 𝑎𝑡−𝑇:𝑡

𝑐𝑡−𝑇,
ℎ𝑡−𝑇

ℎ (𝑠𝑡−𝑇)
𝑐𝑡, ℎ𝑡

ℎ (𝑠𝑡)
Ƹ𝑐𝑡, ෠ℎ𝑡

MSE 
LOSS

𝑒𝑠 𝜋1
𝑠𝑡 𝑧𝑡 𝑎𝑡 PPO 

LOSS

𝜋2

𝑜𝑡−𝑇:𝑡, 𝑎𝑡−𝑇:𝑡
Ƹ𝑧𝑡 𝑎𝑡

𝑐𝑡−𝑇,
ℎ𝑡−𝑇

ℎ (𝑠𝑡−𝑇)

PPO 
LOSS

𝑓

𝑒𝑜

𝑜𝑡−𝑇:𝑡, 𝑎𝑡−𝑇:𝑡
Ƹ𝑧𝑡

𝑐𝑡−𝑇,
ℎ𝑡−𝑇

ℎ (𝑠𝑡−𝑇)

MSE 
LOSS

𝑓
𝑐𝑡, ℎ𝑡

𝑠𝑡 𝑒𝑠
𝑧𝑡

𝑒𝑜 𝜋2

𝑜𝑡−1, 𝑎𝑡−1

Ƹ𝑧𝑡 𝑎𝑡

𝑐𝑡−1,ℎ𝑡−1

𝑓𝑐𝑡,ℎ𝑡

Deployment

Figure 1. Training and deployment procedure of the FRMA framework. Orange modules denote
LSTM networks that extract temporal features from observation–action sequences. Blue modules cor-
respond to multilayer perceptrons (MLPs) that map input vectors to latent encoding or actions. Green
modules process full-state information; depending on the environment, these can be implemented as
MLPs (e.g., in MuJoCo) or CNNs (e.g., in Atari). Black modules represent the loss functions used for
optimization. In each phase, networks highlighted in red are actively trained, while networks shown
in black have their parameters frozen.



Machines 2025, 13, 885 6 of 23

The FRMA training proceeds through four sequential phases, each targeting a dis-
tinct network module and progressively bridging the gap between full-state learning and
deployment under partial observability. This stagewise design ensures that FRMA can
leverage full-state information during training while requiring only partial observations at
deployment, achieving high-frequency adaptation, robust latent-state inference, and stable
policy performance.

3.1. Phase I: Full-State Policy Learning

Phase I focuses on training the foundational policy network, π1, together with the
state encoder, es, using the complete environment state st as input. This stage assumes full
observability, meaning the agent has access to all relevant features of the underlying Markov
Decision Process (MDP). By removing partial observability and temporal dependencies, the
learning process is simplified, allowing the model to concentrate on extracting meaningful
latent representations and learning basic control strategies.

The state encoder es transforms the high-dimensional raw state st into a compact
latent vector zt, which serves as the input to the policy π1. The policy is optimized
using the Proximal Policy Optimization (PPO) algorithm, which balances exploration
and exploitation while ensuring stable updates via a clipped surrogate objective. In this
phase, standard policy gradient methods are applied without recurrent layers or memory
modules, avoiding the complexity of long-term temporal credit assignment and enabling
faster convergence.

Formally, the forward pass in Phase I is expressed as:

zt = es(st), at ∼ π1(zt). (1)

By the end of this phase, the agent acquires a well-initialized encoder and policy
capable of operating under full observability, providing a strong foundation for adaptation
to partially observable environments in subsequent phases.

3.2. Phase II: Supervised Training of Hidden Network

Long short-term memory (LSTM) networks extract and integrate temporal information
from observation–action sequences, encoding this knowledge in their hidden and cell
states (ht, ct). In existing approaches, such as RMA and ARMA, this temporal integration
is achieved by repeatedly processing the most recent T timesteps at each control step.
While effective, such repeated sequence processing incurs significant computational cost,
inherently limiting the achievable control frequency.

To address this limitation, FRMA adopts a single-step inference paradigm during deploy-
ment. Instead of recomputing over the entire T-step history at each timestep, the system
maintains and incrementally updates (ht, ct) throughout the episode. This design preserves
long-term temporal information while minimizing computational latency. However, a
mismatch arises between training and deployment: during training, LSTMs are typically
optimized over short, fixed-length sequences, which may limit their ability to capture
dependencies spanning the full episode.

To resolve this, we introduce an auxiliary hidden-state inference network h, which maps
the current full state st directly to the corresponding (ht, ct). This network is trained in a
supervised manner to minimize the mean squared error (MSE) between its predictions
and the hidden states generated by the LSTM during full-episode rollouts. By enabling
reconstruction of the LSTM’s internal memory from a single state input, this approach
ensures consistency between training and deployment while retaining the computational
efficiency of single-step inference.

Formally, the hidden-state inference process and training loss are defined as:
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(ĥt, ĉt) = h(st), (ht, ct) = eo
(
ot−T:t, at−T:t, h(st−T)

)
, (2)

Lhidden = ∥ĥt − ht∥2
2 + ∥ĉt − ct∥2

2, (3)

where (ĥt, ĉt) denotes the target hidden state derived from the full state st, and (ht, ct) is
the LSTM output given the partial observation–action sequence τo,t−T:t and the initialized
memory at time t− T.

This supervised training approach follows prior work on deep LSTM supervision [14,35].
Minimizing Lhidden allows the LSTM to be accurately initialized at any point in an episode,
enabling high-frequency control while preserving long-term temporal reasoning.

3.3. Phase III: Learning Latent Representations from Partial Observations

In realistic control settings, agents rarely have access to the full environment state st,
relying instead on partial and potentially noisy observations ot. To enable robust decision-
making under such partial observability, Phase III trains the agent to reconstruct the latent
representation zt—originally learned from full-state information in Phase I—using only
past observations and executed actions. This approach follows the core principle of RMA,
where a history encoder infers latent task variables from recent experience.

The LSTM-based observation encoder eo is initialized at the start of each sequence
with hidden and cell states (ht−T , ct−T) predicted by the hidden-state inference network h
from Phase II. It then processes a fixed-length window of past observations and actions(
ot−T:t, at−T:t

)
to update its internal memory (ht, ct). These updated states are passed

through a mapping network f to produce the estimated latent representation ẑt. The target
latent vector zt = es(st), computed using the state encoder es trained in Phase I, serves as
the ground truth.

Training minimizes the mean squared error (MSE) between ẑt and zt, aligning the
partial-observation pathway with the full-state pathway. Through this supervised align-
ment, the observation encoder learns to capture temporally extended dependencies and
infer task-relevant latent states without direct access to st, a capability essential for real-
world deployment.

Formally, the encoding and mapping process is expressed as:

(ht, ct) = eo
(
ot−T:t, at−T:t, h(st−T)

)
, ẑt = f(ht, ct), (4)

Llatent = ∥ẑt − es(st)∥2
2. (5)

By the end of this phase, the agent can reliably transform sequences of partial observa-
tions into compact latent representations that retain the task-relevant information needed
for downstream policy execution.

3.4. Phase IV: Policy Fine-Tuning on Estimated Latent States

In the final phase, the control policy transitions from relying on ground-truth latent
states zt to operating entirely on their estimated counterparts ẑt derived from partial
observations. This step is essential for bridging the sim-to-real gap and ensuring robust
decision-making despite reconstruction errors introduced in Phase III.

Following the ARMA-inspired design, the base policy π1 learned in Phase I is du-
plicated to initialize a new policy π2, which is then fine-tuned using ẑt as input. This
duplication preserves the well-optimized structure of π1 while enabling π2 to adapt its
action selection to the shifted latent distribution.
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Fine-tuning employs the Proximal Policy Optimization (PPO) algorithm, providing
stable gradient updates under the new input distribution. The process allows the policy to
compensate for systematic biases or noise in ẑt, effectively learning to act reliably using only
estimated latent states. By the end of this phase, the agent achieves fully observation-based
control without any dependence on privileged full-state information, completing the FRMA
pipeline from full-state pretraining to deployable inference.

Formally, the fine-tuning process is expressed as:

(ht, ct) = eo
(
ot−T:t, at−T:t, h(st−T)

)
, ẑt = f(ht, ct), (6)

at ∼ π2(ẑt), (7)

where eo and f are fixed from Phase III, and π2 is optimized to maximize expected returns
using ẑt as the sole input.

3.5. Training Procedure

The training of FRMA is organized into four distinct phases, each executed for a fixed
number of iterations specified by the hyperparameter train_step. The second important
hyperparameter, batch_size, controls the number of samples used in each parameter
update. The design explicitly avoids end-to-end training from scratch; instead, each phase
focuses on a targeted subset of networks to ensure stable convergence and avoid detrimental
interference between modules. The procedure is as follows:

• Phase I: Full-State Policy Learning. For train_step iterations, sample batch_size
state–action–reward transitions from full-state rollouts. The state encoder es and the base
policy π1 are jointly optimized using Proximal Policy Optimization (PPO) under full
observability. This phase establishes a high-quality latent state representation zt and a
competent control policy, providing a strong foundation for subsequent modules.

• Phase II & III: Hidden-Network Pretraining and Joint LSTM–Mapping Training.
These two phases are interleaved within each iteration to maintain a balanced learning
pace between the hidden state predictor h and the observation-based latent inference
pipeline (eo, f). For train_step iterations:

– Sample 5 independent batches to update h via the hidden-state MSE loss Lhidden,
using full-state trajectories as supervision.

– Sample 1 fresh, non-overlapping batch to jointly optimize eo and f by minimizing
the mapping loss Lmap, which aligns the predicted latent ẑt with the ground-truth
latent zt from Phase I.

This strict batch independence is critical: h is trained on st, whereas eo relies on
h(st−T). Sharing identical samples would bias h toward the short-horizon regime,
degrading its generalization to long-term dependencies.

• Phase IV: Policy Fine-Tuning. For train_step iterations, sample batch_size tra-
jectories of estimated latent states ẑt from the Phase III pipeline. The policy π2,
initialized from π1, is fine-tuned using PPO to adapt to the noisy and potentially
biased distribution of ẑt. This step completes the transition from privileged, full-state
decision-making to deployable, observation-driven control.

The deliberate phase separation ensures that each module is trained under optimal
supervision, minimizing interference and preventing unstable dynamics that often occur in
fully joint optimization.
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3.6. Deployment

After completing all four training phases, FRMA is deployed in an online control
loop that operates exclusively on partial observations. The deployment strategy empha-
sizes high control frequency and low latency, eliminating the need to reprocess long
observation–action histories at each timestep. Instead, the LSTM encoder eo maintains its
hidden and cell states (ht, ct) throughout the episode, updating them incrementally with
each new observation-action pair.

At the start of each episode, the LSTM memory is zero-initialized:

h0 = 0, c0 = 0. (8)

This zero-initialization ensures fair comparison with baseline methods (ARMA, RMA,
ADRQN, RPSP), which do not include a learned initializer. In principle, FRMA can recon-
struct (h0, c0) from an initial environment state s0 using the hidden network h(s0), enabling
“hot-start” inference and mitigating cold-start degradation; this feature is omitted here
solely for comparability.

At each timestep t, the agent executes the following sequence:

1. Receives the latest observation ot−1 and executed action at−1 from the previous step.
2. Updates the LSTM memory via a single forward step:

(ht, ct) = eo
(
ot−1, at−1, ht−1, ct−1

)
. (9)

3. Computes the current latent state estimate through the feature extraction network:

ẑt = f(ht, ct). (10)

4. Feeds ẑt into the fine-tuned policy π2 to determine the next action:

at = π2(ẑt). (11)

This approach minimizes per-step computation since the LSTM state is propagated
incrementally rather than recomputed from scratch. On standard hardware (Intel i9-13900K
CPU or RTX 4070 GPU), the combined MLP-LSTM forward pass executes in under 1 ms
per step, enabling kilohertz-range control frequencies even with batch size 1.

The deployment procedure relies on the following assumptions:

• Zero-initialization. Used here for fair comparison; FRMA inherently supports hot-start
initialization via h(s0) when privileged or learned initial state information is available.

• Policy optimization. Phase IV uses on-policy PPO for stability in MuJoCo, but FRMA
is compatible with off-policy methods such as SAC for enhanced generalization.

• Full-state supervision during training. Ground-truth state information shapes the
encoder only; deployment relies solely on partial observations. When a simulator is
unavailable, FRMA can use data-driven environment models or other reconstruction
methods to provide training supervision.

• Staged training. The multi-phase schedule decouples encoder learning from policy
learning to improve stability and fairness; end-to-end training remains feasible within
the same framework.

By aligning deployment-time inference with Phase IV fine-tuning under these assump-
tions, FRMA minimizes train–deploy mismatch and achieves high-frequency, low-latency
control, while retaining flexibility to incorporate learned initializers, dynamic objectives,
off-policy training, or alternative state reconstruction in future extensions.
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4. Experiments
All experiments were conducted on a workstation equipped with an AMD EPYC 9654

96-Core Processor and an NVIDIA RTX 4090 GPU. In the figures presented below, each
training curve visualizes the episode-level cumulative reward as a function of timesteps,
with a maximum of 1000 timesteps per episode. Each experiment was repeated across
five random seeds, and the results were averaged to ensure statistical reliability. Solid
lines indicate the mean reward over sampled episodes, while shaded regions represent the
variance. The full implementation, including configuration files and scripts for reproducing
all figures and ablation studies, is publicly available on GitHub: https://github.com/
guanyimu/FRMA.git (accessed on 20 September 2025).

The MuJoCo suite [36] provides a standard benchmark for evaluating reinforcement
learning agents on continuous control tasks. Common environments such as HalfCheetah,
Walker2d, and Hopper are modeled as fully observable Markov Decision Processes (MDPs),
where the agent has access to the complete system state at each timestep.

To evaluate performance under partial observability, the underlying MuJoCo MDPs
are converted into partially observable MDPs (POMDPs) by restricting the agent’s access
to the full state. Specifically, only the first few dimensions of the state vector are retained as
observations to simulate limited sensing, as summarized in Table 2. In these environments,
the retained dimensions typically correspond to directly measurable quantities such as
positions, distances, and angles, while the omitted dimensions include variables that are
more difficult to measure, such as velocities, angular velocities, or forces. This setup reflects
realistic scenarios in which some physical quantities are directly accessible, whereas others
must be inferred indirectly.

Table 2. Observation dimensionality used in each MuJoCo environment.

Environment State Dim. Action Dim. Observation Dim.

InvertedPendulum-v4 4 1 2
HalfCheetah-v4 17 6 2
Walker2d-v4 17 6 10
InvertedDoublePendulum-v4 9 1 5
Hopper-v4 11 3 5
Humanoid-v4 348 17 25

The following methods are evaluated in our experiments:

• FullState (baseline) [28]: A PPO agent trained with full-state access, representing an
upper bound on achievable performance.

• FRMA (ours): The proposed Four-phase Rapid Motor Adaptation framework, de-
signed for learning in partially observable environments.

• ARMA [30]: An extension of RMA that fine-tunes the base policy using full-state
supervision after adaptation.

• RMA [10]: Rapid Motor Adaptation with a fixed-length encoder over recent observa-
tion–action sequences.

• ADRQN [33]: An adaptation of Deep Recurrent Q-Networks employing LSTM en-
coders to process partial observation–action histories.

• RPSP [34]: A recurrent predictive state policy method that explicitly models predictive
latent states for control.

• TrXL [37]: A Transformer-XL-based agent using multi-head attention to encode long-
term dependencies in observation–action sequences.

Since the core novelty of FRMA resides in its four-phase training procedure, the cho-
sen baselines correspond naturally to variants of FRMA with fewer phases. Specifically,

https://github.com/guanyimu/FRMA.git
https://github.com/guanyimu/FRMA.git
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when trained in a single phase, the framework reduces to a recurrent PPO agent akin to
ADRQN, directly learning from partial observation–action histories. A two-phase configu-
ration—comprising separate encoder adaptation and policy learning—corresponds to RMA.
Adding a third phase of full-state fine-tuning yields ARMA. Our full FRMA implementation
completes the four-phase design. Therefore, comparisons among ADRQN, RMA, ARMA,
and FRMA can be interpreted as an implicit ablation study on the number of training
phases, illustrating how each successive phase contributes to stability and performance.

Detailed network architectures, including both encoder and policy designs for all
methods, are provided in Appendix B to support reproducibility.

As shown in Figure 2, the FullState agent achieves the highest returns, as expected, due
to access to complete environment information. Among the observation-based methods,
FRMA attains performance nearly indistinguishable from FullState, maintaining compara-
ble return values across all six environments. Furthermore, FRMA consistently outperforms
RPSP, ADRQN, RMA, and ARMA in every tested scenario. Within these baselines, RPSP
shows performance close to ARMA in some environments, indicating that leveraging
observations rather than full states for auxiliary training can help mitigate the π1–π2 mis-
match. Nevertheless, state information still provides substantial guidance, so ARMA and
especially FRMA ultimately achieve higher asymptotic performance.
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Figure 2. FRMA training performance across the MuJoCo benchmark suite. Comparison of seven
algorithms—FullState, FRMA, ARMA, RMA, ADRQN, RPSP, and TrXL—across six MuJoCo envi-
ronments: InvertedPendulum, HalfCheetah, Hopper, Walker2d, InvertedDoublePendulum, and
Humanoid. The FullState agent is trained with full state information and serves as an upper perfor-
mance bound. All other agents rely solely on sequences of observations and actions. FRMA nearly
matches FullState performance despite operating under partial observability. Each line represents the
mean episode reward over five random seeds, and the shaded area indicates the reward variance.

Among the three weaker baselines, ARMA generally performs better than RMA; how-
ever, both suffer from slower convergence and lower performance ceilings. By contrast, the
TrXL algorithm yields the poorest results overall. This is likely because its attention-based
encoder, while capable of modeling complex, variable-length dependencies, introduces
unnecessary computational overhead in the MuJoCo tasks studied here, which involve
short sequences with well-defined temporal relationships. These results demonstrate that
FRMA effectively reconstructs rich and informative latent representations from partial ob-
servations, enabling robust decision-making in high-dimensional continuous control tasks.

FRMA is organized as a four-phase framework, and several baseline algorithms corre-
spond to natural stage-wise ablations of this design. Specifically, ADRQN represents the
single-phase baseline that trains a recurrent policy directly from observation–action (OA)
sequences without auxiliary supervision. RMA extends this by using encoder supervision
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derived from the simulator state encoding, i.e., the OA encoder is trained to reproduce
information obtainable from st. ARMA further incorporates a third phase intended to
mitigate the mismatch between the initial auxiliary policy π1 and the refined policy π2

(policy-mismatch correction). FRMA completes the pipeline by adding a hidden-network
phase that learns a mapping from the true state st to the LSTM memory (ht, ct), thereby
removing the strict dependence of the LSTM on long OA input windows.

Partially Observable Markov Decision Processes (POMDPs) require extracting infor-
mative latent state representations from histories of observation–action pairs. The key
innovation of Phase II in FRMA is to model the LSTM hidden state (ht, ct) as a function
of the underlying true state st, enabling supervised training that decouples the LSTM’s
representational capacity from the raw number of observation timesteps. By leveraging
this hidden-state network, the LSTM can encode much longer effective temporal context
even when provided only a short OA segment, which reduces sensitivity to the sequence
length T.

Figure 3 presents the ablation results across six MuJoCo environments, comparing
FRMA and ARMA under observation–action sequence lengths T = 1, 3, 5. In the figure,
solid lines denote FRMA and dashed lines denote ARMA. Curves of the same color cor-
respond to the same sequence length T, allowing direct comparison between methods at
each temporal window. As expected, increasing T generally improves the performance
of both FRMA and ARMA, reflecting the benefit of longer sequences that provide richer
temporal context. Notably, FRMA with T = 1 often exceeds the performance of ARMA
with T = 5, highlighting FRMA’s ability to effectively encode longer temporal depen-
dencies even from very short observation–action segments. The marginal improvement
of FRMA from T = 3 to T = 5 further demonstrates its low sensitivity to T, whereas
ARMA continues to gain substantially from longer sequences. These results confirm that
the Phase II hidden-network design allows the LSTM to maintain high representational
efficiency with smaller input windows, reducing memory usage and enabling larger batch
sizes without compromising performance.
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Figure 3. Comparison of FRMA and ARMA across six MuJoCo environments under different
observation–action sequence lengths T = 1, 3, 5. Solid lines represent FRMA, while dashed lines
represent ARMA. Curves of the same color correspond to the same sequence length T. FRMA
consistently outperforms ARMA, even with shorter sequences.

To further evaluate the robustness of the proposed FRMA framework in partially
observable settings, Gaussian noise N (0, σ2) is added during testing either to the full state
vector (for FullState) or to the partial observation vector (for all other methods). The
horizontal axis represents the noise standard deviation σ, with larger values corresponding
to stronger corruption of the input signals.
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All policies are kept fixed during evaluation, so the results directly reflect the robust-
ness of each method’s learned latent representations and decision policies under noisy
inputs. For each environment and algorithm, five independent trials with different random
seeds are conducted. The mean episode return is shown with solid lines, while the shaded
regions indicate the standard deviation across seeds.

As shown in Figure 4, all algorithms experience performance degradation as noise
levels increase, reflecting reduced fidelity of environment information. Among observation-
based methods, FRMA exhibits the smallest performance drop across all environments,
often approaching the robustness level of FullState. In contrast, ADRQN, RMA, and
ARMA show more pronounced declines, especially at higher noise magnitudes and in
high-dimensional environments such as Humanoid and HalfCheetah, where corrupted inputs
can destabilize dynamics estimation in models with less temporal integration.

Observation Noise Robustness in POMDP Settings
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Figure 4. Robustness evaluation under Gaussian noise for six MuJoCo environments. The horizontal
axis shows the noise standard deviation σ, and the vertical axis shows the average episode return.
Solid lines indicate mean performance across five evaluation seeds; shaded regions indicate standard
deviation. Larger σ corresponds to stronger input corruption.

The robustness advantage of FRMA stems from its ability to reconstruct latent states
over extended temporal windows and maintain LSTM memory across timesteps. This
temporal integration effectively filters transient observation noise, enabling stable control
despite heavy corruption of individual observations.

Additional robustness evaluations are provided in Appendix E, where five separate
tables summarize the results across different perturbation scenarios:

• standard evaluation without perturbations,
• observation corrupted by Gaussian noise,
• observation dropouts with a fixed probability,
• action corrupted by Gaussian noise,
• action dropouts with a fixed probability.

Each table reports both the mean and standard deviation of episode returns for
all seven algorithms (FullState, FRMA, ARMA, RMA, ADRQN, RPSP, TrXL) across
six MuJoCo environments (InvertedPendulum-v4, Hopper-v4, HalfCheetah-v, Walker2d-v4,
InvertedDoublePendulum-v4, Humanoid-v4).

These tables collectively demonstrate that FRMA consistently maintains higher mean
returns and lower variance under all tested perturbations compared with baseline methods,
confirming the framework’s superior robustness and reliability in partially observable and
noisy environments. The detailed numerical results complement the qualitative trends
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illustrated in Figure 4 and provide a comprehensive view of performance under diverse
operational conditions.

5. Conclusions and Future Work
This paper presented Four-Phase Rapid Motor Adaptation (FRMA), a modular

framework that decouples latent-state inference from policy optimization to address high-
frequency, partially observable control tasks. By combining supervised pretraining of a
hidden-memory network with joint training of an LSTM encoder and a mapping network,
FRMA enables single-step LSTM inference at deployment. This design allows the latent-
state encoding zt to be updated at high frequency, thereby supporting rapid and robust
control. Empirical results on the MuJoCo benchmark suite demonstrate that FRMA matches
the performance of a full-state PPO agent while significantly outperforming existing RMA-
based and recurrent policies when operating solely on observation–action histories.

Despite these promising results, several limitations and opportunities remain. First,
although FRMA exhibits strong performance even with very short observation–action
histories (e.g., T = 1, 3, 5), indicating minimal cold-start effects, the initial hidden and cell
states (h0, c0) are currently zero-initialized. Using the hidden network to reconstruct h(s0)

from an initial environment state could enable hot-start initialization, further improving
first-step accuracy. Second, in our experiments, the fine-tuning of π2 is performed with
on-policy PPO, exposing the LSTM encoder only to trajectories generated by this policy.
If deployment encounters observation–action sequences that deviate substantially from
this distribution, inference errors may exceed those of standard PPO. However, FRMA is
agnostic to the choice of policy optimization algorithm; π2 could be replaced with off-policy
methods such as SAC or other policy learners to enhance generalization and robustness
to out-of-distribution sequences. Third, FRMA currently relies on full-state information
from a simulator to train the hidden network. While real-time simulators may not always
be available due to high-frequency requirements, data-driven or learned neural-network
models could serve as surrogates for st, enabling FRMA training without a full simulator.
Finally, FRMA currently tracks only static physical quantities or poses. Incorporating
dynamic control targets as additional network inputs could enable tracking of time-varying
objectives. Addressing these challenges will further enhance the robustness, versatility, and
applicability of FRMA to high-frequency, safety-critical control domains.

Moreover, several recent works in power electronics and motor drives provide concrete
evidence that the challenges addressed by FRMA—such as partial observability, parameter
drift, nonlinear thermal–electrical dynamics, and high control rates—are active research
concerns in industrial settings. For example, Dini et al. [38] demonstrates an adaptive
model-predictive control scheme for six-phase synchronous motor drives that operates
under sensor latency and load variations at high switching/control frequencies. Similarly,
Dini et al. [39] present a predictive control design for resonant converters that models
both thermal and electrical dynamics and operates with low computational complexity
suitable for real-time use. Dini et al. [40] further leverage digital-twin simulations to train
predictive models under diverse conditions, mirroring FRMA’s strategy of pretraining in
simulated environments before adapting to sparse or noisy observations. These exam-
ples suggest that if FRMA’s latent-state reconstruction layer is deployed as an auxiliary
context estimator or integrated with predictive controllers, the method could translate
effectively to high-frequency industrial control applications, extending its impact beyond
MuJoCo benchmarks.
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Appendix A. FRMA Pseudocode
The FRMA training process is divided into four sequential phases, each with a dis-

tinct objective: (i) learning a base policy and state encoder from full-state information;
(ii) pretraining an auxiliary hidden network to predict the LSTM memory states; (iii) jointly
training the LSTM encoder and mapping network to reconstruct latent encodings from
observation–action windows; and (iv) fine-tuning the secondary policy on these estimated
encodings. The complete procedure is presented in Algorithm A1.

Algorithm A1 FRMA Training Procedure

1: Initialize networks: π1, π2, es, eo, h, and f
2: Phase I: Full-State Policy Learning Freeze eo, h, f, and π2
3: for i = 1 to train_step do
4: Train π1 and es with PPO using full-state input st
5: end for
6:
7: Phase II & III Freeze π1 and es
8: for i = 1 to train_step do
9: Phase II: LSTM Memory Pretraining

10: Initialize memory: (ht−T , ct−T) = h(st−T)
11: Update memory: (ht, ct) = eo(ot−T:t, at−T:t, ht−T , ct−T)

12: Estimate LSTM memory: (ĥt, ĉt) = h(st)

13: Compute MSE loss: ∥ĥt − ht∥2
2 + ∥ĉt − ct∥2

2
14: Train h to predict (ht, ct) from st (e.g., for 5 steps)
15:
16: Phase III: Latent Encoding Reconstruction
17: Estimate latent encoding: ẑt = f(ht, ct)
18: Compute MSE loss: ∥ẑt − es(st)∥2

2
19: Update eo and f
20: end for
21:
22: Phase IV: Secondary Policy Fine-Tuning Initialize secondary policy: π2 ← π1
23: for i = 1 to train_step do
24: Train π2 with PPO using at ∼ π2(ẑt)
25: end for

During training, the FRMA framework explicitly uses full-state information st to guide
the learning of memory and latent representations. At deployment, however, direct access
to st is no longer available. Instead, the agent updates its internal memory (ht, ct) solely
from the most recent observation–action pair and applies the mapping network f to produce

https://github.com/guanyimu/FRMA.git
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the latent code ẑt for decision-making. This single-step inference scheme enables the policy
π2 to operate effectively under partial observability and is summarized in Algorithm A2.

Algorithm A2 FRMA Online Deployment

1: Initialize memory states: h0 = 0, c0 = 0
2: for each time step t do
3: Observe ot from the environment
4: Update memory: (ht, ct) = eo(ot−1, at−1, ht−1, ct−1)
5: Estimate latent state: ẑt = f(ht, ct)
6: Sample action: at ∼ π2(ẑt)
7: Execute action at in the environment
8: end for

Appendix B. Network Architectures of Compared Methods
Table A1 summarizes the neural network architectures used by all compared methods.

The Encoder column describes the structure that encodes the observation–action history
into a latent vector, and the Policy Network column describes the actor network that outputs
the action distribution.

All compared methods adopt the same actor–critic framework, and the critic shares its
architecture with the actor. Most baselines combine an LSTM (Long Short-Term Memory)
encoder with an MLP (Multi-Layer Perceptron), while the Transformer-based model addi-
tionally employs a Multi-Head Attention (MHA) module [41]. Because methods such as
RMA primarily differ in their training procedures rather than their network topologies, the
architectural comparison in Table A1 provides a fair and representative overview.

Table A1. Neural network architectures of all compared methods.

Method Encoder Policy Network

PPO (FullState) st → MLP(128)→ zt

zt → MLP(128)→ at

FRMA (ours)

ot−T,t → MLP(64)→ concat at−T,t →
LSTM(128 units, 2 layer)→ concat ot →
MLP(128)→ zt

ARMA

RMA

ADRQN

RPSP

TrXL ot−T,t, at−T,t → MLP(32)→
concat positional encoding→
MHA(3 heads, 128 units)→ MLP(128)→ zt

To ensure fairness, all methods share the same key training hyperparameters, listed in
Table A2.

Table A2. Key training hyperparameters used in all experiments.

Hyperparameter Value

Learning rate (actor/critic) 3× 10−4

PPO clip range 0.2
Discount factor γ 0.99
GAE λ 0.95
Batch size per update 8192 transition
Training steps per phase 100
Optimizer Adam
Entropy coefficient 0.01



Machines 2025, 13, 885 17 of 23

Appendix C. State Inference from Observation–Action Sequences
Define the state-action trajectory and observation–action trajectory as

τs = (s0, a0, s1, a1, . . . , st−1, at−1, st), (A1)

τo = (o0, a0, o1, a1, . . . , ot−1, at−1, ot). (A2)

The prior over full trajectories τs is given by the initial state distribution µ, the policy
π, and the transition dynamics P:

p(τs) = µ(s0)
t−1

∏
i=0

[
π(ai | si) P(si+1 | si, ai)

]
. (A3)

This expression factorizes the probability of visiting states s0, . . . , st and taking actions
a0, . . . , at−1 under policy π and dynamics P, starting from s0 ∼ µ.

The likelihood of observing τo given the states trajectory τs follows from the observa-
tion model O:

P(τo | τs) =
t

∏
i=0

O(oi | si). (A4)

Each observation oi is generated from the corresponding true state si via O.
Consequently, the joint distribution over (τo, τs) is

P(τo, τs) = P(τs) P(τo | τs) = µ(s0)O(o0 | s0)
t−1

∏
i=0

[
π(ai | si) P(si+1 | si, ai)O(oi+1 | si+1)

]
. (A5)

This combines the generation of states and actions with the generation of observations.
Summation (or integration) over all possible trajectory provides the total probability

of seeing τo under the model.
P(τo) = ∑

τs

P(τo, τs). (A6)

By Bayes’ rule, the posterior over τs given τo is

P(τs | τo) =
P(τo, τs)

P(τo)
. (A7)

This ratio gives the probability of each trajectory conditioned on the observed data.
Finally, the marginal posterior over the current state st is

P(st | τo) = ∑
τs

1{τs end with st} P(τs | τo), (A8)

Summing the posterior over all trajectories that end in state st yields the belief distribution
for st given the observation–action history.

Since all factors above involve only

µ(s0), P(si+1 | si, ai), O(oi | si), π(ai | si),

it follows that P(st | τo) depends exclusively on the initial distribution µ, the dynamics P,
the observation model O, and the policy π.

To extract an estimate of st in FRMA, the mapping network f and LSTM encoder eo

are trained so that
ẑt = f

(
eo(τo)

)
= f

(
ht, ct) ≈ zt = es(st). (A9)
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Here eo(τo) denotes the LSTM’s hidden-cell state after processing the observation–action
sequence τo, and f (·) produces the estimated state.

This enforces that the composition f ◦ eo recovers the true state st from τo, thereby
encouraging the model to learn the fixed, environment-determined components (µ, P, O)
and to discount transient RL-dependent artifacts from π.

Appendix D. Hidden-Network h
To process partial observation–action sequences in POMDPs, we define the sequence

of length T ending at time t as:

τo,t−T:t =
(
ot−T , at−T , ot−T+1, at−T+1, . . . , ot−1, at−1, ot

)
. (A10)

Following standard practice in sequence modeling [42], the LSTM encoder eo maps
the observation–action history τo and initial memory (h0, c0) to the current memory (ht, ct):

(ht, ct) = eo
(
τo; h0, c0

)
. (A11)

Because the MDP state st is a sufficient statistic for the environment [25], there exists a
hidden-network function h such that

(ht, ct) ≈ h(st). (A12)

To reduce memory usage, FRMA employs sliding-window inference, leveraging the
recurrent nature of the LSTM [14]:

(ht, ct) = eo
(
τo,0:t; h0, c0

)
(A13)

= eo
(
τo,1:t; h1, c1

)
...

= eo
(
τo,t−T:t; ht−T , ct−T

)
.

In Phase II of FRMA, the hidden network h is trained so that

(ht−T , ct−T) = h(st−T), (A14)

thereby initializing the LSTM’s memory from the true state at time t − T. Subsequent
single-step LSTM updates on the window τo,t−T:t then yield

h(st) = (ĥt, ĉt) ≈ eo
(
τo,t−T:t; ht−T , ct−T

)
≈ eo

(
τo,t−T:t; h(st−T)

)
, (A15)

providing a compact, policy-invariant approximation of the state encoding h(st).

Appendix E. Additional Experimental Results
This appendix reports the detailed quantitative results for all algorithms and envi-

ronments under the five sampling conditions described in the main paper: (0) normal
sampling, (1) observations perturbed with Gaussian noise (σ = 0.15), (2) observations
randomly zeroed with probability 0.1, (3) actions perturbed with Gaussian noise (σ = 0.15),
and (4) actions randomly dropped with probability 0.1.

For each algorithm–environment–condition combination, the reported value cor-
responds to the episode return (mean, std) over five random seeds. Algorithms in-
clude: FullState (baseline), FRMA, ARMA, RMA, ADRQN, RPSP, and TrXL. Envi-
ronments include: InvertedPendulum-v4, Hopper-v4, HalfCheetah-v4, Walker2d-v4,
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InvertedDoublePendulum-v4, and Humanoid-v4. Tables A3–A7 present the results under
each sampling condition.

Table A3. Performance under normal sampling (Condition 0). Mean, Std of episode returns.

Algorithm
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-v
4
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4

W
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d-
v4

In
ve

rt
ed

D
ou

bl
eP

en
du

lu
m

-v
4

H
um
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oi

d-
v4

FullState (baseline) 993.4, 4.5 2203.9, 407.7 5747.1, 123.2 2129.0, 731.4 6357.6, 235.7 4620.9, 1257.2
FRMA (ours) 988.1, 10.4 1966.1, 210.0 5050.0, 138.3 2638.0, 465.8 5724.1, 323.6 4584.9, 987.5
ARMA 976.4, 12.8 348.7, 188.5 3463.7, 315.7 777.6, 160.0 4642.3, 443.4 1460.2, 953.5
RMA 930.4, 46.2 383.3, 385.3 2172.5, 1350.8 826.1, 349.0 959.9, 632.7 1920.2, 1410.3
ADRQN 449.1, 407.9 145.6, 43.8 −24.1, 491.2 108.4, 44.9 75.1, 25.0 415.6, 42.7
RPSP 920.3, 79.4 485.9, 131.1 2358.1, 552.7 618.5, 200.8 4211.9, 404.1 572.1, 39.4
TrXL 12.7, 0.1 83.6, 1.3 −93.1, 6.7 174.3, 87.9 84.3, 1.3 441.4, 29.9

Table A4. Performance with observation noise (Condition 1). Mean, Std of episode returns.

Algorithm
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FullState (baseline) 975.5, 10.0 890.4, 147.8 4826.7, 52.9 1164.8, 449.1 3364.5, 383.1 4282.4, 1309.1
FRMA (ours) 980.8, 16.7 1119.5, 243.3 4179.3, 145.9 2063.0, 432.6 4336.2, 296.5 3177.9, 691.4
ARMA 972.2, 13.3 310.9, 145.2 2982.5, 297.1 582.5, 89.5 2869.2, 447.3 1300.8, 776.3
RMA 811.8, 110.6 359.2, 378.4 1850.3, 1166.6 709.6, 282.4 516.7, 134.0 1537.7, 987.4
ADRQN 433.6, 393.2 144.0, 42.1 −88.1, 351.3 103.4, 47.6 75.0, 24.8 416.8, 42.0
RPSP 895.3, 72.0 356.5, 95.7 2087.8, 517.0 378.4, 71.2 790.5, 203.3 556.0, 22.3
TrXL 12.7, 0.1 84.8, 1.6 −96.8, 5.9 173.4, 87.2 84.3, 1.0 441.0, 29.0



Machines 2025, 13, 885 20 of 23

Table A5. Performance with random observation dropouts (Condition 2). Mean, Std of episode returns.

Algorithm
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FullState (baseline) 880.9, 35.5 556.4, 35.2 4201.3, 140.2 521.0, 44.5 1788.4, 123.6 1855.3, 834.4
FRMA (ours) 918.3, 56.8 688.9, 171.9 3819.4, 153.7 980.9, 148.5 362.9, 17.9 1425.2, 391.4
ARMA 674.3, 90.5 227.3, 52.3 2129.7, 158.1 337.1, 37.7 351.6, 69.6 955.8, 316.5
RMA 331.0, 80.7 241.5, 185.6 1638.0, 993.0 550.7, 258.5 241.1, 36.0 1018.6, 390.7
ADRQN 237.0, 179.2 139.3, 39.1 −164.9, 164.8 84.2, 43.5 73.7, 22.8 409.1, 45.2
RPSP 729.8, 164.5 250.0, 82.2 1542.8, 565.2 225.5, 83.2 313.0, 33.9 511.9, 36.6
TrXL 12.7, 0.1 84.2, 2.5 −93.4, 6.4 173.1, 86.2 84.4, 1.0 439.1, 28.0

Table A6. Performance with action noise (Condition 3). Mean, Std of episode returns.

Algorithm
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FullState (baseline) 971.8, 11.7 1635.4, 370.1 5356.4, 129.1 1853.0, 761.7 5953.8, 263.9 4297.1, 1262.0
FRMA (ours) 981.4, 10.2 1513.1, 248.5 4780.8, 148.6 2517.6, 479.6 5312.6, 283.8 4264.1, 1084.6
ARMA 980.9, 2.5 342.3, 183.7 3266.7, 270.6 763.2, 174.3 4344.0, 741.4 1435.0, 920.9
RMA 908.7, 47.6 383.3, 388.9 2065.3, 1312.2 830.2, 355.6 708.3, 270.8 1816.5, 1293.6
ADRQN 444.4, 405.1 144.7, 42.9 −71.2, 391.8 105.7, 41.2 75.0, 24.9 416.9, 41.8
RPSP 897.3, 82.7 475.0, 132.0 2262.4, 514.5 616.9, 200.5 3718.2, 435.9 569.5, 31.3
TrXL 12.7, 0.1 84.0, 2.1 −94.9, 3.3 171.6, 86.8 84.4, 1.2 437.7, 30.4
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Table A7. Performance with random action dropouts (Condition 4). Mean, Std of episode returns.

Algorithm
In

ve
rt

ed
Pe

nd
ul

um
-v

4

H
op

pe
r-

v4

H
al

fC
he

et
ah

-v
4

W
al

ke
r2

d-
v4

In
ve

rt
ed

D
ou

bl
eP

en
du

lu
m

-v
4

H
um

an
oi

d-
v4

FullState (baseline) 954.9, 19.5 864.9, 94.6 4377.6, 99.5 906.7, 246.1 3193.4, 198.7 2307.3, 1066.3
FRMA (ours) 956.2, 22.5 854.1, 163.1 4011.9, 84.2 1987.1, 306.1 2667.4, 175.9 2019.9, 654.8
ARMA 937.9, 14.6 282.4, 131.1 2579.1, 301.5 688.5, 186.5 2288.1, 519.8 1139.6, 579.6
RMA 843.1, 81.4 379.3, 385.9 1686.4, 1070.0 749.6, 289.5 416.2, 71.8 1222.8, 633.6
ADRQN 359.7, 308.5 142.9, 40.0 −153.8, 120.9 92.7, 37.4 75.2, 23.6 417.4, 43.0
RPSP 817.3, 88.9 420.0, 107.0 1917.8, 456.1 524.1, 123.6 1016.0, 120.9 559.1, 29.2
TrXL 13.0, 0.1 85.6, 1.4 −103.4, 13.4 185.3, 80.7 84.6, 0.9 429.2, 32.0
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